Two hybrid algorithms, GAA and GAA2, are proposed in this paper for evaluating trade-off between fuel cost and environmental impact in power dispatch with multiple fuels and multiple pollutants. The two algorithms are developed based on genetic algorilhm and simulated annealing. The problem is first formulated as a bi-criterion optimisation problem. This is achieved by combining the total emission of individual pollutants into a single criterion via the use of relative weights in the objective function. Trade-off curves between total fuel cost and emission of each pollutants are then obtained by solving the bi-criterion function at different values of P.E.C. assigned to the total emission. The developed algorithm is demonstrated through an application example in which emission of three pollutants -SO2, NO, and CO, are considered. The trade-off curves obtained are useful in assisting operation engineers to determine the appropriate dispatch when both economic and environmental aspects are considered.
Introduction
The primary objective of power dispatch in the past has been concentrated on the minimisation of generation cost in meeting the demand on power system -economic dispatch. The cost incurred however has ignored the environmental impact of power generation due to the emission of various harmful pollutants such as sulfur oxides (SO,), nitrogen oxides (NO,) and carbon oxides (CO,) . With the increasing concern for the environment and the introduction of environmental regulations, the effect of emission have to be taken into account in generation dispatch. This can be achieved by incorporating the emission considerations into the economic dispatch algorithm, thus expanding the existing problem to an economic-environmental power dispatch (EEPD) problem [l] .
Environmentally oriented dispatch procedures have been reported in the past two decades [l-61. They differ in terms of their dispatch objectives and the adopted methods for solving the problems. In the reported work, the emission characteristics of the generators have been assumed to be directly proportional to the generator heatrate characteristics, modelled by quadratic or third order polynomial functions. Minimum emission problems have been tackled by using conventional Lagrange multiplier based methods. For more realistic modelling of the generator heat-rate characteristics, higher-order polynomial functions may also be used. If the turbinevalving effects are to be reflected, the incremental heat-rate characteristics of the generators will becnine nonmonotonic. Furthermore, fuel switching is involved when generators can be operated on more than one type of fuels. Their heat-rate characteristics have to be modelled by piecewise quadratic functions [7] . Under these situations, minimisation algorithms that are based on conventional methods will have difficulties in finding the global or near-global optimum solution. Hence, there is a need to develop an advanced algorithm for the EEPD problem.
Two hybrid algorithms, G M and GAA2 [8, 91, are employed in this paper for evaluating the trade-off between fuel cost and environmental impact in the EEPD problem. Both algorithms are developed based on the combination of genetic algorithm (GA) and simulated annealing (SA) and differ primarily in their population size requirement. The two hybrid algorithms have been previously applied to economic dispatch problem [9], however, they have not been employed to solve EEPD problem.
The EEPD problem is first formulated as a bi-criterion optimisation problem. This is achieved by combining the total emission of individual pollutants into a single criterion via the use of relative weights in the objective function. Trade-off curves between total fuel cost and emission of each pollutants are then obtained by solving the bi-criterion function at different values of pseudo environmental cost assigned to the total emission. The developed algorithm is demonstrated through an application example in which emission of three pollutants - SO,, NO, and CO, are considered. The trade-off curves are useful in assisting operation engineers to determine the appropriate dispatch when both economic and environmental aspects are considered.
EEPD Problem Formulation
The best dispatch solution to the EEPD problem is essentially a set of generator loading that results in the total fuel cost and the total pollutant emission being minimised. In the economic dispatch problem, the total fuel cost for a system of n generators at system load demand D with transmission loss P,, is given by n D = Z E -P , i=l and the operating constraint of each generator Ft is the total fuel cost which can be expressed in terms of heat-rate as HR (MBtu/hr) or in monetary unit as FC ($/hr). The function fci(Pi) represents the fuel cost of the ith generator operating at power level Pi MW. In the case where a single type of fuel is used by all the generators, optimisation of HR or FC will yield identical dispatch solution. However, when multiple fuels are used among the generators, dispatch solutions based on the two objective costs, HR or Fe, will be different.
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In the process of electric power generation, more than one pollutant are emitted depending on the type of fuels being used. The total emission of a single pollutant from generation, E,, is given by, where E is the total pollutant emission in kg/hr or Ton/hr and fpi(Pi) is the amount of emission from the ith generator at power level Pi MW. Considering m types of pollutants, the EEPD problem becomes a multiobjective function with total fuel cost and emission of m pollutants being minimised simultaneously. In order to reduce the dimension of the problem while reflecting the relative degree of damage caused by individual pollutant, the minimisation of multiple pollutants can be combined into a single criterion by assigning weight to each of the pollutants. Thus, the total weighted emission of m types of pollutant, E,, is given by where E, is the total emission of the jth pollutant and a, is the relative weight of jth pollutant representing its relative degree of harmfulness. The weights of all pollutants must have the following relation [lo] :
With the simplified expression of the total emission, the EEPD problem is reduced to a bi-criterion optimisation problem with two conflicting objectives. Although the environmental impact of emission cannot be described in monetary terms, the trade-off between the fuel cost and the total weighted emission can be evaliiated by minimising the following expression :
where W represents the relative weight assigned to the fuel cost and consequently, (1-W) is the relative weight assigned to the emission. Eqn. (7) can be rewritten as
( w the minimisation of which is identical to the minimisation of the following expression in the context of
The term (l-W)/W in eqn. (9) has the unit of $/kg [lo] and is here referred to the pseudo environmental cost (P.E.C.) of the total weighted emission. The trade-off curve between the total fuel cost and the total weighted emissions can be traced out by minimising eqn. (9) at successive intervals of P.E.C. from zero to infinity, representing economic and emission dispatch respectively.
Features of the Hybrid Algorithms
The two hybrid algorithms, GAA. and GAA2, [S, 91 employed in this paper are developed by combining incremental genetic algorithm (IGA) [ll] and simulated annealing (SA) [U] . IGA is a variant of genetic algorithm (GA) [13, 14] and their difference lies in the processing of newly generated chromosomes. Every new chromosome generated in IGA is evaluated immediately and replaces a selected chromosome to become part of the existing population. GA and SA are both commonly used techniques for solving combinatorial optimisation problems. However, the performance of SA is often hindered by its slow convergence to the optimal or near optimal solution while GA may suffer from premature convergence. The combination IGA and SA enables the introduction of more diversity into the population for preventing premature convergence without the long computation time required by SA. The features outlined in the following sections form the base of the hybrid algorithms.
Solution Representation and Fitness Measure
Candidate solutions to the problem are represented by fixed length chromosomes. Each chromosome is formed by a string of genes. Every gene in a chromosome contains a floating-number representing the loading of a generator [8] . Thus the length of a chromosome equals the number of generators in the problem. For solving the EEPD problem, the fitness measure is chosen to be
(10) where F' is the value of the objective function defined in eqn. (9). K is a large constant for amplifying the usually small value of 1/F' such that the fitness values of chromosomes are in a wider range for selection process.
Crossover and Mutation
In the present work, two-point crossover is chosen in preference to the commonly used one-point crossover. The two chromosomes are selected by roulette wheel method [13] . Under the present floating-point coding scheme, the value of a gene of the chromosome selected for mutation is replaced by a value generated from a uniform distribution between PI,,,, and P,,,,, in eqn. (3). Probability of crossover and probability of mutation are adopted to determine the rate of performing crossover and mutation respectively.
Forming Feasible Solutions
Although chromosomes formed after crossover or mutation operations always satisfy the operation limit inequalities, the system demand equality constraint is not necessary met. To transform an infeasible chromosome into a feasible one, the loading of a particular gene in the chromosome is selected to be the dependent loading, P,. Its value is then replaced by P,' where
D is the system demand and P, is the transmission loss as described in eqn. (2). The chromosome now becomes feasible if P,' is within its operating limits. Chromosomes remain infeasible after transformation are discarded.
Replacement Criteria
Replacement criteria [S, 91 is another measure to prevent premature convergence apart from mutation. A newly generated chromosome will replace a selected chromosome in the existing population only when one of the following criterion applies.
(1) (2) (3) if the child chromosome i s the fittest among all chromosomes generated so far, otherwise if the child chromosome i s fitter than the selected chromosome, otherwise if the probability of replacement is greater than a number randomly generated between 0 and 1 The probability of replacement in criterion (3) is the equivalent of the probability of acceptance in SA and is given by [15] where A is the amount of deterioration in fitness value of the new chromosome and the chromosome selected for replacement. T is the temperature level of the current iteration and is reduced at the start of every iteration according to [12, 151 
Pr(A) = [l/(l+ exp(A / T ) ) ] (12)
= rk-'Tg where To and Tk is the initial temperature and the temperature at the kth iteration respectively and r is the temperature reduction factor. Some chromosomes will be replaced by chromosomes with lower fitness value as a result of criterion (3). However, the probability of replacement is gradually reduced as T decreases towards the end of the solution process. Hence, sufficient diversity of chromosomes in the population can be maintained and premature convergence can be eliminated.
Hybrid algorithms for EEPD problem
The pseudo code of the hybrid algorithm GAA and the formation of the GAA2 algorithm based on GAA are given in the sections below.
Pseudo code of the GAA algorithm
G f 4 ) { t = Tu initialise evaluate population; while{termination criteria not reached) { while ( p < P) { t = Tk; select chromosomes for crossover; perform crossover and evaluate new chromosomes; check replacement criteria; } perform mutation and check replacement criteria for each chromosome; } } P and p in the algorithm represent the population size and the number of new chromosomes generated in the current iteration respectively. The algorithm is terminated when the maximum number of iteration is reached. The solution to the EEPD problem is obtained from the fittest chromosome in the final population.
The GAA2 Algorithm
In the GAA2 algorithm, the population size is restricted to two chromosomes throughout the entire solution process, thus the memory requirement during computation is reduced to minimum. No selection of chromosomes is required for crossover as there are only two chromosomes in the existing population. The diversity in the population is maintained by including the replacement criteria (2) and (3) in Section 3.4. Criterion (1) is omitted due to the small population size. However, elitism is adopted where the fittest chromosome is re-introduced into the population before the next iteration. The temperature level in each iteration is reduced when a pre-defined pseudo population size is reached.
Application Example
The two proposed hybrid algorithms have been implemented in C programming language on a 486 DX-100 computer. The algorithm are applied to a system of 10 generators with a total generating capacity of 3rS95 MW [7] . The heat-rate characteristics of these generators consist of 2 to 3 segments of quadratic function due to the utilisation of different types of fuel. The coefficients of the heat rate characteristics and the fuel types in each segment are shown in Table 1 . Three pollutants, SO,, NO, and CO,, are considered in the present example. For the purpose of comparison, two sets of relative weight, Pace and Mass, based on US studies are used [lo] . The relative weight of the individual pollutant, emission content and cost of each fuel are given in Table 2 [lo].
The two hybrid algorithms have been tested at demand level of 3300 MW with transmission loss being discounted. Crossover and mutation probability for GAA algorithm are 0.6 and 0.1 respectively. A constant population of 100 chromosomes is maintained throughout the process and maximum number of iterations is chosen as 2000. The initial temperature is 1,000,000 with a reduction factor of 0.98. The GAA2 algorithm has the same parameters except an unity crossover probability is adopted owing to the population size of two and a pseudo population size of 100. Evaluation of the trade-off curve is carried out at interval of P.E.C. from 0 to 20 with an increment of 0.5. Theoretically, the value of P.E.C. ranges from 0 to infinity, however, the test results show that there is no significant change in fuel cost when P.E.C. exceeds the value of 12.
The results from GAA and GAA2 are very close with the difference in objective cost averaged below 0.05 % in each study. It shows that GAA2 can perform as good as GAA despite having a small population. Fig. 1 shows the variation of the total fuel cost as a function of P.E.C. Fuel switching is evident in the graph where there is a significant increase in fuel cost. For example in the case of Mass study, the change in fuel cost from P.E.C. at 2.5 to P.E.C. at 3.0 is a consequence of the third generator switching from coal to gas. Fuel switching occurs quite frequently as P.E.C. increases from 0 initially. However, there is no significant change in fuel allocation as P.E.C. increases further. Table 3 shows the fuel allocation of all generators in the Mass study determined by GAA algorithm at different values of P.E.C.. oil coal oil gas coal coal oil gas coal coal oil gas coal coal coal gas coal coal coal gas coal coal coal gas L coal coal gas gas 5 6 7 8 9 1 0 coal gas gas gas coal coal coal gas gas gas gas coal coal gas gas gas gas coal gas gas gas gas gas coal gas gas gas gas gas coal gas gas gas gas gas coal gas gas gas gas gas coal
The emission level of SO, at diffcrent values of P.E.C. are shown in Fig. 2 . The graph indicates a significant difference in SO, emission for the same value of P.E.C. in the two studies. A larger relative weight assigned to SO, in the Pace study have led to more emphasis being placed on controlling SO, emission. Subseqbc;itly, less SO, is emitted when compared to the Mass study. The vastly different dispatches resulted from the two distinct sets of relative weight has illustrated the importance of assigning appropriate relative weight for each pollutant under different situations. The determination of relative weight largely depends on local regulations, geographical and meteorological factors.
The trade-off curves between the total fuel cost and the emission of individual pollutants for the case of Pace study are presented in Fig. 3 . The trade-off curves exhibit the conflicting property between the economic and environmental. aspects of power generation as anticipated. The points on the curve are defined as the optimal points. Each point is associated with an optimal dispatch solution for a particular value of P.E.C. The accuracy of the trade-off curve can be improved further by decreasing the increment of P.E.C. at which evaluations are carried out.
Conclusion
Two hybrid algorithms developed by combining GA and SA have been proposed and developed for evaluating the trade-off between fuel cost and pollutant emissions in power dispatch. In the absence of an environmental cost for the emission, the problem is formulated as a bi-criterion function accounting for both the cost and emission consideration. The points on the trade-off curves are found by evaluating the bi-criterion objective function using the developed algorithms. The application example has shown that both hybrid algorithms have the ability to deal with multiple fuels and multiple pollutants where conventional methods will have difficulties in finding the optimal solution. The GAA2 algorithm however requires much less memory than GAA during computation. The results of the two studies in the application example have also indicated that the values of the relative weight assigned to each pollutants have direct bearing on the generation of the optimal dispatch solution. This implies that the determination of appropriate relative weights is important in reflecting the environmental impact of power generation under different situations. The trade-off curves evaluated are useful in providing alternative dispatch solutions for engineers in daily operations. 
